Background. The influence of seasonality on food security and nutritional status is widely accepted. However, research has typically focused on rural households and has not explored the specific mechanisms underlying seasonal effects.
Introduction
Understanding the specific factors that influence household food security and children's nutritional status in developing countries is critical, not only to improve program design but also to better inform the policy-making process. Many studies have attempted to identify these determinants in rural populations, but few have focused on urban communities. Similarly, while the influence of seasonality on rural food security and nutritional status is widely accepted, there has been little research into its effects on urban households. This study explored whether nutritional status and food security varied across seasons in a poor urban community in Bangladesh. Furthermore, this study attempted to isolate the specific mechanisms underlying these seasonal effects. Through this research, we sought to provide a better understanding of the barriers to food and nutrition security faced by urban households in Dinajpur and to inform future programming and policy.
Background
There is consensus within the recent literature on many of the determinants of children's overall nutritional status. These include sufficient access to food, healthcare, and an improved water source, the sanitation and caring practices of the child's mother, and the mother's
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Please direct queries to the corresponding author: Chris Hillbruner, 412 Constitution Ave NE, Washington D.C. 20002; e-mail: hillbrun@hotmail.com. education level [1] [2] [3] [4] [5] [6] . Research has also found strong linkages between food prices and nutritional outcomes [7, 8] . Other determinants tend to affect specific measures of nutritional status. Indicators of income and food security, or their proxies, have a greater impact on height-for-age (HAZ), a measure of long-term dietary inadequacy [4] . The same is true for maternal stature [9, 10] . Alternatively, recent illness typically affects weight-for-height (WHZ), an indicator of acute dietary deficiency [2, 3] . Finally, although the prevalence of malnutrition is often higher in rural areas, the determinants of malnutrition appear to be very similar in both rural and urban communities [1, 11] .
The literature on seasonality and its relationship to the nutritional status of children in rural areas is considerable. Research has found significant seasonal variation in weight-for-age [12] [13] [14] , weight-for-height [14] [15] [16] , growth velocity [15, 17] , clinical diagnoses of malnutrition [13] , and iron status [14] . Fluctuations in height-for-age have been less consistently demonstrated [15] [16] [17] , probably because this indicator is less likely to be affected by short, cyclical changes in nutritional status. Typically children's nutritional status, as measured by weight-for-height or weight-for-age, is worst during the rainy season or prior to harvest and best during the months following harvest.
The magnitude of these seasonal changes can be large. In two studies from rural Bangladesh, the proportion of children classified as wasted (WHZ < -2 SD) varied by 30 percentage points [14] , and the proportion of children classified as stunted but not wasted (HAZ < -2 SD) fluctuated by approximately 40 percentage points [15] , depending on the season. In Nepal, weightfor-height z-scores fell 0.47 units between the dry and monsoon seasons [16] . The magnitude of seasonal fluctuation tends to be smaller in regions with bimodal rainy seasons [18] and agricultural systems that include multiple harvests over the course of the year [19] . Season may also have a greater impact on children in poorer households [18] .
Researchers typically suggest three main pathways through which season has these effects on nutritional status: an increase in morbidity during the rainy season [12] [13] [14] [15] [16] [17] [18] , a decrease in food availability during the preharvest season [12, 14, 15, 17] , and fluctuating demand for female labor and its impacts on caring practices [12, 18] . However, although the literature on the individual issues is extensive, there is little empirical evidence formally linking these factors with both nutritional indices and season.
Research on seasonality and nutritional status in urban areas is more limited. In those studies which do exist, significant seasonal fluctuations in both weightfor-height and weight-for-age among children under three have been established [20, 21] . However, no seasonal variation in height-for-age has been detected [1, 20, 21] , and the degree of seasonal fluctuations in weight-for-age and weight-for-height have tended to be smaller than in rural areas [13, 20, 21] . As with rural areas, illness (particularly specific, seasonal strains of diarrhea) has been identified as a primary link between season and urban nutrition [20, 21] . Dietary diversity and household income have also been suggested [1] . But again, these hypotheses have not been tested. Typically, seasonal fluctuations in food availability and in women's labor demand are not considered factors in urban areas [20, 21] .
There has been relatively little modeling of the determinants of food security as compared with nutritional status. This has been due, in large part, to the difficulty of defining an acceptable measure of food security [22, 23] . Models of food security that do exist have often used a measure of calorie availability [1, 24] or a food security score based on coping strategies [25] and have focused on rural households. Within developing-country studies, significant predictors of rural food security have included household location [1, 24] , household size [26] , current or past economic status [1, 24, 25] , farm size, land quality, access to markets, use of improved agricultural inputs [26] , mother's education, and access to sanitation facilities and safe water [24] . Qualitative studies have also suggested additional determinants of food security, including weather, soil quality, food prices, health status, and access to loans and markets [27, 28] . The mechanisms suggested by these studies that allow season to affect food security have primarily been fluctuations in rural food availability related to the agricultural calendar [29] .
Garrett and Ruel's 1999 analysis of data from Mozambique provides the only example of urban food security modeling that includes season and found that household daily calorie availability was significantly lower during the early rains and harvest periods when compared with the rainy season [1] . However, the research did not explore how or why season had these effects. Some qualitative work has also suggested that as certain professions (e.g., farming and fishing) become less common in urban areas, the impact of season on food security is reduced [30] . Together, the existing body of research on seasonality indicates that both nutritional status and food security vary seasonally, although research on the effects of seasonality within urban communities has been very limited, and only preliminary exploration of the mechanisms through which season has these effects exists.
Description of data
income areas of Dinajpur, a small city in northern Bangladesh. These areas had a population of roughly 16,000 people and represented about 60% of the city's slum population.
The survey was implemented in three stages over the course of 2002-03. Round 1 was collected in August 2002, round 2 in February 2003 and round 3 in August/ September 2003 ( fig. 1) . The climate in Bangladesh is characterized by a dry season from October to February, a hot summer from March to May and a monsoon season from June through September [31] . Major rice harvests occur in November/December (the monsoon crop, aman) and between April and June (the dry season crop, boro). A third, smaller crop is harvested in July/August [32] . Figure 1 depicts annual temperature and rainfall patterns for Narayangganj, Bangladesh, a city whose climate is similar to that of Dinajpur.
Data collection was implemented by DATA, a local survey research firm, under the supervision of IFPRI staff. Approximately 600 households were randomly selected for round 1 data collection from communities where CARE planned to implement the Supporting Household Activities for Health, Assets and Revenue (SHAHAR) program. Although this programming was never realized in Dinajpur, two additional rounds of data were still collected as part of a collaborative research effort between IFPRI and CARE-Bangladesh. In these subsequent rounds, the same households visited in round 1 were resurveyed. In all rounds, oral informed consent was obtained from survey respondents.
The purpose of the data collection was to obtain information on the food, nutrition, and livelihoods security of slum residents in Dinajpur. The household survey instrument used for the assessment included 22 modules covering a series of topics including household demographics, expenditure, savings and debt, employment, urban agriculture, and health. Pairs of enumerators administered different modules to both male and female household members.
Approximately one-third of the households had children less than five years of age, and within these households an "index" child was selected. The index child was identified as the youngest child in the home whose age was between 6 and 60 months during the first round of data collection. In each round, height and weight measurements were collected from each index child. Weight was measured to the nearest 100 g with a UNICEF UNIscale. Height or length was measured with a standard height/length board. Children less than 24 months were measured lying down, and children 2 years of age or older were measured standing. Weightfor-height, weight-for-age, and height-for-age z-scores were calculated with the use of National Center for Health Statistics (NCHS) growth standards [33] .
Methods

Sample
The initial dataset for SHAHAR Dinajpur included 1,871 observations from 614 households. Our analyses utilized three different subsamples for food security, nutritional status, and growth velocity modeling ( fig. 2) . The food security sample included 1,446 observations from 482 households. Observations from households that did not complete all three survey rounds were not included (336 observations). In addition, 89 observations were eliminated from the analysis because of extreme values for calorie availability, probably due to errors in respondent recall. Only households with calorie availability observations that fell within two standard deviations of the mean (> 740 kcal/AEU, < 4,700 kcal/AEU) were utilized.
The nutritional status analyses used a smaller sample FIG. 1. Mean temperature and precipitation Narayangganj, Bangladesh [31] and timing of the three rounds of data collection. Precipitation of 555 observations from 185 households that had an index child between the ages of 6 and 72 months (see table 1 for the age distribution of the sample). The original dataset included 602 observations from 211 households. Twenty-six households in the sample did not participate in all three rounds of data collection, and therefore the 40 child records from these households were removed. An additional seven observations from six households were dropped because of missing anthropometric information.
A third sample was created to explore the seasonal variation in growth velocity. This sample included 288 observations from 144 households. From the original sample (602 observations from 211 households), the 211 observations from round 1 were dropped because achieved growth in this round could not be compared with an earlier measurement. An additional 103 observations were also dropped: 32 because of missing anthropometric information, 35 because of extreme values for achieved growth,* and 36 from households with missing data for one or more rounds.
Statistical analysis
Analysis utilized both SPSS 15.0 and SAS 9 and was composed of three parts. First, four dichotomous out-* Values of achieved growth were compared with incremental growth tables of Baumgartner et al. [34] . Observations not falling within ± 3 SD of the standard mean were considered extreme. come variables were identified. Daily calorie availability per Adult Equivalent Unit (AEU) less than 2,100 kcal was used as a proxy for food insecurity. For nutritional status, wasting (WHZ < -2 SD), stunting (HAZ < -2 SD), and inadequate growth velocity were chosen. Following Branca et al. [17] , growth velocity was a proportion, calculated by comparing changes in attained height between the three rounds with the sex-and ageadjusted growth standards of Baumgartner et al. [34] . Inadequate growth velocity was defined as achieving less than 100% of expected growth in the previous 6 months. Paired t-tests were then used to identify those outcome variables whose mean value did in fact fluctuate significantly (p < .10) between seasons.
Dichotomous outcome variables were chosen instead of continuous outcome variables, such as WHZ, because our primary interest was in exploring the relationship between season and program-and policy-relevant out- comes, such as malnutrition or food insecurity, rather than simply identifying seasonal patterns in nutritional status or calorie availability. However, because many earlier studies report seasonal variation in terms of these continuous variables, paired t-tests were also run on WHZ, HAZ, percentage of achieved growth, and calorie availability in order to allow for comparison. For the second portion of the analysis, a list was generated, for both food security and nutritional status, of variables hypothesized to be both determinants of the outcome and affected by season. For the most part, existing variables within the SHAHAR dataset were utilized. However, two dietary diversity indicators were calculated specifically for our analyses. With the use of the dataset's 7-day food-consumption recall module, a household dietary diversity score was created based on the 12 food groups described by Swindale and Bilinsky: cereals, tubers, pulses, vegetables, fruit, meat, fish, dairy, eggs, fat, sugar, and miscellaneous [35] . A child dietary diversity score was calculated in a similar manner based on specific questions about which foods had been fed to index children in the past 24 hours. This second indicator included only nine groups, as there were no questions related to feeding children potatoes or other tubers, sugar, or fat. Each explanatory variable was then tested for significant seasonal variation (p < .10) according to the method described above.
Finally, logistic fixed-effects models were developed to identify the pathways through which season affected food security and nutritional status. Fixed-effects modeling was used to control for unmeasurable, timeinvariant, but potentially confounding household-level variables that can bias regression modeling when panel data are used. Random-effects modeling was also considered. However, although this method would have probably produced more precise parameter estimates, there were concerns that these estimates could be biased [36] .
In each model, the outcome variable was regressed on those hypothesized determinants which had been identified as seasonally variable. Therefore, any explanatory variable found to significantly (p < .10) predict the outcome of interest would represent a pathway through which seasonal change was occurring. In addition, all models included a season dummy variable in order to quantify any seasonal variation in the outcome not related to the identified explanatory variables. This variable took a value of 1 when the observation was collected in August during the monsoon season (rounds 1 and 3) and a value of 0 when data were collected in February during the dry season (round 2).
Ethical review
Our analysis received an exemption from ethical review given that the data were considered existing publicly available information (Tufts University IRB study number 0610026). of household members were under five, and 6% were more than 60 years old. Household heads had an average of 2.5 years of schooling, and about 12% of households were female-headed. The median value of household assets was 5,300 taka (US$89),* and the median values of household savings and outstanding debt were 1,000 taka (US$17) and 2,992 taka (US$50), respectively. The daily household wage, an average of individual daily wages over the past week, was 92.66 taka (US$1.57). Almost 30% of households reported losing work during the last month because no jobs were available.
Sample population
Households had an average of 2,677 kcal available per day for each adult equivalent. This corresponds to 98.4% of the calorie requirements for an adult male, 30 to 60 years old, of average height and weight and moderate activity level in Bangladesh [37] . It should be emphasized however, that calorie availability is not necessarily equivalent to caloric consumption and that this measure does not account for intrahousehold allocation. Average monthly food expenditure equaled 2,273 taka (US$38). Slightly less than half of all households grew vegetables or fruit, and 52% of all households raised livestock. In terms of household food availability, survey respondents identified July, August, and October as being the most difficult months and * US$1 = 59.513 taka (2004); CIA The World Factbook https://www.cia.gov/library/publications/the-worldfactbook/geos/bg.html. January, February, and April as the least difficult.
Finally, both disease and malnutrition were very common. Almost 60% of respondents reported illness in the household during the previous 15 days, and among children under 5 years old, 15% were wasted (WHZ < -2 SD) and 47% were stunted (HAZ < -2 SD).
Results
Outcome variables
Three of the four outcome variables tested for seasonal variation were significantly different during the monsoon season (August) than during the dry season (February) (table 3). The proportion of households classified as food insecure (< 2,100 kcal/AUE/day) was roughly 6.5% points higher during the monsoon season, the proportion of children who were wasted was 8.1% points higher in the monsoon season, and the proportion of children not achieving expected growth during the past 6 months was 20.8% points higher in the monsoon season. There was no significant seasonal variation in the prevalence of stunting.
Variation in calorie availability, WHZ, HAZ, and achieved growth followed a similar pattern, although these results were not always as significant (table 4) . Seasonal fluctuation in calorie availability ranged from 37 to 124 kcal and seasonal fluctuation in WHZ from 0.15 to 0.26 units. The mean proportion of expected growth achieved by children in the past 6 months declined by 14.4% points between the second and third rounds.
Food security modeling
Five variables hypothesized to affect food security fluctuated significantly between seasons ( table 5) .
Loss of work due to weather, cultivation of fruits and vegetables, raising livestock, and higher dietary diversity were all significantly more common during the monsoon season. Receipt of goods from any other household (urban, rural, or overseas) was significantly more common during the dry season. Employment and monthly food expenditure were not found to be seasonally variable. Inadequate calorie availability was then regressed on the five seasonally fluctuating explanatory variables and a season dummy variable (equation 1). Identical models were run for all households and for households in the lowest quartile of total household expenditure. Table 6 presents the results of this modeling. no2100 it = β 0 + β 1 lw_weather it + β 2 hdds it (1) + β 3 fruitveg it + β 4 livestock it + β 5 transfer it + β 6 monsoon it + a i + u it In both models, the adjusted odds ratio for the season dummy variable was significant. For the entire sample, the odds of being food insecure were 60% lower during the dry season when lost work, cultivation of fruits and vegetables, raising livestock, dietary diversity, and receipt of transfers were controlled for. For households in the lowest expenditure quartile, the odds were slightly smaller (a 65% reduction), suggesting that the poorest households may be more vulnerable to seasonal fluctuations in food security.
In both models, the impact of increased household dietary diversity was large and significant. For all households, each additional food group eaten by the household in the past week was associated with a 40% reduction in the odds of being food insecure. For poor households, the magnitude of this relationship was slightly smaller but still highly significant. Losing work due to the weather was also a significant predictor of food insecurity (OR, 2.03; 95% CI, 1.03-4.00), particularly for the poorest households (OR, 2.78; 95% CI, 1.06-7.31). Cultivation of fruits and vegetables, raising livestock, and the receipt of a goods transfer were not significant in either model. In addition, the two urban agriculture variables remained nonsignificant even when household dietary diversity was removed from the model.
Nutritional status modeling
Of the six variables hypothesized to affect WHZ and growth velocity, only one, child dietary diversity score, varied consistently between the monsoon and dry seasons (table 7) . Mother's employment, child illness variables, maternal illness, and adequate calorie availability were not found to fluctuate significantly between seasons. Both wasting and inadequate growth were then regressed on child dietary diversity score and a season dummy variable. In addition, given the complex relationship between age, feeding practices, and nutritional status, sample appropriate age group dummy variables (6-11 months, 12-23 months, and ≥ 24 months) were also included to ensure that the influence of dietary diversity was estimated correctly (equations 2 and 3) .
wasted it = β 0 + β 1 age1223 it + β 2 age24 it (2) + β 3 cdds it + β 4 monsoon it + a i + u it nogrowth it = β 0 + β 1 age24 it + β 2 cdds it (3) + β 3 monsoon it + a i + u it In both models, season was a significant predictor of nutritional status. During the dry season children were both less likely to be wasted (OR, 0.24; 95% CI, 0.10-0.57) and less likely to have experienced inadequate growth (OR, 0.37; 95% CI, 0.20-0.69). The wasting model results also indicate that children less than 12 months of age were better off than children in older age groups. However, child dietary diversity score was not a significant predictor in either model (table 8). 
Study limitations
Several limitations affected this study. First, households that did not participate in all three rounds of data collection were excluded from analyses. A comparison of these households and the remaining sample identified significant differences in the prevalence of illness, indicating that removing these observations may have biased the sample toward healthier households. Second, for child illness variables, "not ill" responses and missing values were coded identically within the IFPRI dataset. Therefore, it is possible that we underestimated the proportion of children who were ill during the three rounds. Together, the latter two constraints may have diminished our ability to identify illness as a mechanism through which season affected nutritional status. Third, in households with multiple children, the youngest child older than 6 months during round 1 was selected as the index child for nutritional analysis. As a result, the mean age of our sample increased in subsequent rounds, introducing some bias. Fourth, data collection for each round took anywhere from 4 to 6 weeks. This probably reduced the sensitivity of the data, potentially making it more difficult to identify changes between the two seasons. This could be particularly problematic for anthropometric measures, given that because of the multiple rice harvests that occur in Bangladesh, seasonal variations have been found to be more subtle than in other countries [19] .
Finally, our study involved an analysis of secondary data. Therefore, having been uninvolved in the survey's implementation, we cannot be as confident in our understanding of problems within the dataset as we would have been had we collected the data ourselves. However, we believe that discussions with IFPRI and DATA regarding questions about the dataset helped to minimize this issue.
Discussion
Overall, our analyses found season to have a significant effect on both food security and nutritional status in Dinajpur, with households consistently worse off and rates of food insecurity and malnutrition consistently higher during the monsoon season. The magnitude of the seasonal changes in mean WHZ (0.15-26 units) and calorie availability (37-124 kcal) were smaller than those reported from earlier studies in urban Peru (0.38 WHZ units) [21] , urban Gambia (approximately 0.3-0.5 WHZ units) [20] , and urban Mozambique (477 kcal) [1] .
However, seasonal change in the prevalence of wasting was larger in Dinajpur than in urban Gambia (8.1 vs. 5.3 percentage points) [20] . In addition, although the study from Peru did not report seasonal changes in the prevalence of wasting, the relatively high mean weightfor-height z-scores (0.36 to 0.54 vs. -1.09 to -1.35 in Dinajpur) [21] reported by this study make it likely that the magnitude of seasonal fluctuation in wasting in Peru was also lower than in Dinajpur. These results demonstrate that even when seasonal changes in nutritional indices are small, they can have a large impact on a population affected by chronically high levels of malnutrition and should therefore be considered more fully when designing urban food and nutrition policy in these areas.
Mechanisms
This research went beyond simply demonstrating seasonal variation in indicators of urban food security and nutrition; our analyses also identified some of the specific pathways through which season had these effects. For food security, our analyses demonstrated that increased dietary diversity during the monsoon season mitigated seasonal declines in food security status. Given that overall household food expenditure did not change between the dry and monsoon seasons, this result implies that changes in dietary diversity reflected shifts in either food prices or food availability. Additionally, the fact that dietary diversity and food security, as measured by calorie availability, moved in opposite directions across the seasons suggests that dietary diversity may be problematic as a stand-alone indicator of food security, an approach some recent research has explored.
Modeling also indicated that lost work due to weather was one mechanism through which season contributed to greater food insecurity during the monsoon season. However, it is unclear how lost work had this effect, given that neither food expenditure nor savings and loans, which could have helped to smooth consumption during periods of decreased income, were seasonally variable.
In models of nutritional status and growth velocity, none of the seasonally varying explanatory variables were significant. This raises the possibility that certain factors, such as child illness, may not play as large a role in seasonal fluctuations in urban nutritional status as has been suggested by earlier studies. Instead, our results suggest that some set of issues, beyond those tested in these analyses, led to a decline in nutritional well-being during the monsoon season. Seasonal fluctuation in household food stores, intrahousehold food allocation, or participation in governmental and nongovernmental organization programming are possibilities. A second explanation could be that modeled variables, such as child illness, do in fact play a role, but that their contribution was too small to be identified with statistical certainty by our analyses.
Implications for programs and policy
The results of our analyses have important implications for Dinajpur and can also inform programming and policy in other low-income urban contexts. First, our findings suggest that seasonal changes in household food security in Dinajpur are related both to shifts in food availability and price and to fluctuations in available employment. Therefore, a focus on urban food market development, (e.g., food-for-work) in combination with more traditional seasonal income support programs during the hunger season could have the greatest impact in mitigating seasonal fluctuations in food security. Possible areas of focus for market development activities include the improvement of food-storage facilities, the promotion of good foodsafety practices, and the strengthening of linkages between urban consumers and urban, periurban, and rural producers.
Second, in relation to nutritional status, the proportion of children classified as moderately or severely wasted almost doubled during the monsoon season, rising from 10% to 18%. In order to minimize these fluctuations and their impact on both child health and program budgets, supplementary and therapeutic feeding programs that use specific anthropometric cutoffs for admission (e.g., WHZ < -2 SD) may want to consider relaxing these criteria during the monsoon season. In this scenario, the services of these programs would serve to proactively prevent moderate and severe wasting from occurring rather than simply providing treatment. Alternatively, if assigning feeding programs a more preventive role is unfeasible, new initiatives should be implemented prior to or during the monsoon season to address seasonal declines in nutritional status.
Future research
Future research on seasonality, including research outside of Bangladesh, should collect data more frequently during the year and over a longer period of time. Increased frequency will provide a more detailed picture of seasonal change, whereas increased duration will allow for confirmation that the magnitude of seasonal fluctuations in food security and nutritional status is typical and not simply reflective of, for example, one particularly bad monsoon season. In addition, such studies should consider collecting data through repeated cross sections rather than revisiting the same households in each round (panel data). By using a new sample for each round, researchers could reduce the problem of having to drop households that missed rounds because of illness from the analyses, improving their ability to clarify the role that illness plays in seasonal fluctuations in nutritional status.
An ideal study might include both the collection of existing monthly monitoring data (e.g., age, anthropometrics, food security score) as well as less frequent, but more in-depth, household data collection. This would allow for a more detailed description of seasonal fluctuations in nutritional status and food security while still providing enough data to explore the underlying causes of the identified seasonal effects.
Finally, it is likely that in urban settings, a large number of factors each contribute toward seasonal changes in food security and nutritional status, but that given the small magnitude of each contribution it may be difficult to demonstrate their role with statistical certainty. Therefore, larger sample sizes, especially for nutritional status modeling, could help to more clearly identify the role that these various mechanisms play.
